Breathing motion is one of the major limiting factors for reducing dose and irradiation of normal tissue for conventional conformal radiotherapy. This paper describes a relationship between tracking lung motion using spirometry data and image registration of consecutive CT image volumes collected from a multislice CT scanner over multiple breathing periods. Temporal CT sequences from 5 individuals were analyzed in this study. The couch was moved from 11 to 14 different positions to image the entire lung. At each couch position, 15 image volumes were collected over approximately 3 breathing periods. It is assumed that the expansion and contraction of lung tissue can be modeled as an elastic material. Furthermore, it is assumed that the deformation of the lung is small over one-fifth of a breathing period and therefore the motion of the lung can be adequately modeled using a small deformation linear elastic model. The small deformation inverse consistent linear elastic image registration algorithm is therefore well suited for this problem and was used to register consecutive image scans. The pointwise expansion and compression of lung tissue was measured by computing the Jacobian of the transformations used to register the images. The logarithm of the Jacobian was computed so that expansion and compression of the lung were scaled equally. The log-Jacobian was computed at each voxel in the volume to produce a map of the local expansion and compression of the lung during the breathing period. These log-Jacobian images demonstrate that the lung does not expand uniformly during the breathing period, but rather expands and contracts locally at different rates during inhalation and exhalation. The log-Jacobian numbers were averaged over a cross section of the lung to produce an estimate of the average expansion or compression from one time point to the next and compared to the air flow rate measured by spirometry. In four out of five individuals, the average log-Jacobian value and the air flow rate correlated well ͑R 2 = 0.858 on average for the entire lung͒. The correlation for the fifth individual was not as good ͑R 2 = 0.377 on average for the entire lung͒ and can be explained by the small variation in tidal volume for this individual. The correlation of the average log-Jacobian value and the air flow rate for images near the diaphragm correlated well in all five individuals ͑R 2 = 0.943 on average͒. These preliminary results indicate a strong correlation between the expansion/ compression of the lung measured by image registration and the air flow rate measured by spirometry. Predicting the location, motion, and compression/expansion of the tumor and normal tissue using image registration and spirometry could have many important benefits for radiotherapy treatment. These benefits include reducing radiation dose to normal tissue, maximizing dose to the tumor, improving patient care, reducing treatment cost, and increasing patient throughput.
I. INTRODUCTION
Breathing motion is a significant source of error in radiotherapy treatment planning for the thorax and upper abdomen. [1] [2] [3] [4] [5] Increasing the beam aperture is the method used to account for lung motion in conventional conformal radiotherapy which increases the risk of delivering radiation dose to healthy tissue and critical organs. [6] [7] [8] Several methods have been proposed to account for breathing motion induced error such as respiratory gating, coaching, and breath-hold. Image registration methods can be used as a method to track lung motion and apply this information for radiotherapy treatment. This paper extends the preliminary work of correlating image registration results to spirometry volume presented in Ref.
͓9͔ from one individual to five. This paper illustrates that the lung does not expand uniformly during the breathing period, but rather expands and contracts locally during both inhalation and exhalation. Furthermore, it is shown that the average expansion/compression of the lung estimated using image registration is correlated with spirometry data. A quantitative understanding of tumor and normal organ motion 10, 11 is very important for the accurate application of radiation therapy. Breathing motion is the largest cause of tumor position uncertainty for tumors in the thorax. The main strategy to combat this uncertainty is to apply margins to the delineated tumor so that the subsequent radiation field portals encompass the moving tumor. However, without an accurate understanding of the tumor motion, the margin sizes cannot be customized for the patient and must rely on population averages or educated guesses.
An understanding of the tumor motion, or trajectory, will also enable other management strategies for tumor motion. These can be broadly categorized into gating and tracking techniques. Gating strategies operate the linear accelerator only during times at which the patient's breathing is within a predetermined portion of the breathing period. [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] The radiation beam is therefore delivered only during a consistent breathing phase. The spatial motion of the tumor is effectively reduced because the radiation is not on when the tumor position extends beyond the predetermined limits. Moving tumors can also be treated by matching the radiation beam motion to the tumor motion. This technique may involve the use of moving radiation portals to match the patient's motion.
II. MATERIAL AND METHODS

A. CT acquisition
The process used to acquire apd analyze the CT scan data has been described in detail. 29 In this work, a 16-slice CT scanner operated in twelve-slice mode ͑Sensation 16, Siemens Medical Systems, Iselin, NJ͒ was used to scan lung cancer patients. The scanning technique used 120 kVp and 80 mA with twelve 1.5 mm thick slices acquired using the ciné mode ͑couch stationary during scanning͒. CT scans were continuously acquired every 0.75 s with each scan ͑360°gantry rotation͒ requiring 0.5 s acquisition time ͑40 mAs͒ followed by 0.25 s dead time. Here 15 scans were acquired at each couch position before the couch was moved to the adjacent position. This process was repeated until the entire thorax was scanned ͑23-26 couch positions͒. Only the 11-14 couch positions that intersected the lung were analyzed in this study. The selection of 15 scans was based on the expectation of 3-4 s per breathing period, and the desire to acquire scans over 3 breathing periods.
B. Spirometry
To associate the CT scans with tidal volume, simultaneous spirometry measurements ͑VMM-400, Interface Associates, Laguna Niguel, CA͒ were acquired using an independent workstation. The individuals were instructed to breathe quietly and naturally through a mouthpiece and were fitted with a nose clip to prevent leakage through the nostrils. The spirometer data acquisition software ͑Labview, National Instruments, Austin, TX͒ was written to store the time and relative tidal volume at 10 ms intervals. The individuals were instructed to continue breathing quietly and naturally with the spirometer during the entire scanning sequence, which took approximately 10 min.
C. SICLE image registration
The small deformation inverse consistent linear elastic ͑SICLE͒ image registration [30] [31] [32] [33] was used to nonrigidly register adjacent 12 slice temporal image volumes. Inverse consistent image registration jointly estimates the forward and reverse transformations between two images while minimizing the inverse consistency error between the forward and reverse transformations ͑see Fig. 1͒ . For a particular registration algorithm, minimizing the inverse consistency error provides more accurate correspondence between two images compared to independently estimating the forward and reverse transformations.
The SICLE image registration algorithm is summarized as follows. Let T and S represent the template and the target images, respectively, defined on the unit cube ⍀ = ͓0,1͒
3 , where the notation ͓0,1͒ denotes that zero is part of the region and one is not. The forward transformation h and the reverse transformation g are vector-valued functions that map the image coordinate system ⍀ = ͓0,1͒ 3 onto itself, i.e., h : ⍀ ‫ۋ‬ ⍀ and g : ⍀ ‫ۋ‬ ⍀. It is assumed that h and g are continuously differentiate mappings that do not fold space so that they preserve topology. Throughout it is assumed that h͑x͒ = x + u͑x͒, h −1 ͑x͒ = x + ũ͑x͒, g͑x͒ = x + w͑x͒, and g −1 ͑x͒ = x + w ͑x͒, where h −1 ͓h͑x͔͒ = x and g −1 ͓g͑x͔͒ = x. The vectorvalued functions u, w, ũ, and w are called displacement fields since they define the transformation in terms of a displacement from a location x. All of the functions h, g, h −1 , g −1 , u, ũ, w, and ũ are 3 ϫ 1 vector-valued functions defined on the ⍀. The SICLE image registration algorithm jointly estimates the forward and reverse transformation h and g, respectively, minimizing the cost function given by FIG. 1. The inverse consistency error is defined as the distance between the starting and ending points produced by mapping a point through the forward and then reverse transformations.
where are relative weighting factors for each of imaging modalities and and define the relative importance of the bending energy minimization and the inverse consistency terms.
The constant defines the relative importance of image data with respect to the regularization terms of the cost function. The first integral of the cost function defines the cumulative intensity squared error cost between the modalities of the transformed template T͓h͑x͔͒ and the target S͑x͒ and between the modalities of the transformed target S͓g͑x͔͒ and the template T͑x͒. The second integral is used to regularize the forward and reverse displacement fields u and w, respectively. This term is used to enforce the displacement fields to be smooth and continuous by penalizing large derivatives of the displacement fields. The third integral is called the inverse consistency constraint and is minimized when the forward and reverse transformations h and g, respectively, are inverses of each other. This integral couples the estimation of the forward and reverse transformations together and penalizes transformations that are not inverses of one another.
D. Image registration procedure
Before registration, the CT volumes were preprocessed using the following procedure. The CT image volumes collected from the scanner were 16-bit data stored in a 512 ϫ 512ϫ 12 voxel image volume with voxel dimensions 0.9375ϫ 0.9375ϫ 1.5 mm 3 ͑note: Individual 1 had voxel dimensions 0.7813ϫ 0.7813ϫ 1.5 mm 3 ͒. The lung volumes within the image volumes were segmented using an automated procedure. 34 The segmentations were overlaid with the CT data and hand edited where necessary using Analyze ™ ͑Mayo Clinic, Rochester, MN͒ software. The CT and segmented volumes were down-sampled to 256ϫ 256 ϫ 12 volumes with voxel dimensions 1.875ϫ 1.875 ϫ 1.5 mm 3 ͑individual 1: 1.56ϫ 1.56ϫ 1.5 mm 3 ͒ using trilinear and nearest neighbor interpolation, respectively. The CT data was masked using the segmented volume which set the intensity of anything but lung to intensity zero. The CT data was converted from 16-bit data to 8-bit data using an intensity window that mapped Hounsfield units of 0-360 to a range of 0-255. Hounsfield units above 360 were mapped to 255 and those below 0 were mapped to zero.
For each couch position, the temporally adjacent preprocessed CT image volumes denoted by the letters A through O were registered using SICLE image registration algorithm. This resulted in 14 bidirectional transformations for each couch position. The SICLE image registration algorithm was used to match scan A with B, scan B with C, etc., producing 14 pairwise volumetric image registrations at each couch position.
The SICLE algorithm 30 uses a discrete 3D Fourier series to parametrize the transformation. A common technique used in signal processing to represent a finite length signal with a Fourier series is to produce a periodic extension of the signal. This is done by conceptually concatenating copies of the signal side-by-side from minus infinity to positive infinity to produce a periodic signal which can be represented by a Fourier series. In the case of the SICLE algorithm, a periodic extension of the image volume is conceptually created by concatenating the image volumes, side-by-side, front-toback, and top-to-bottom.
This means that the left side of the image volume is connected to the right side, the front is connected to the back, and the top is connected to the bottom. For the image volumes used in this study, the left, right, front, and back sides of the image volume all correspond to the background intensity so the periodic extension makes sense in the x and y coordinate directions. However, the periodic extension in the z coordinate direction does not make sense since the top slice corresponds to one transverse cut through the lung and the bottom to a different transverse cut and these two slices should not touch each other. Furthermore, lung tissue moves in and out of the field of view at the top and bottom transverse slices of the image volume from one time instance to the next. These two sources of error prevent the SICLE algorithm from estimating a meaningful correspondence between two image volumes at the top and bottom slices of the image volume collected in this study. However, these errors are minimized in the middle transverse slice of the volume, so as a result, only data extracted from the middle slice ͑slice 7 of 12͒ of the volume was used for analysis.
No attempt was made to measure the degree that these boundary effects have on other slices in the 12 slice image volume. It is predicted that CT acquisition technology will improve in the near future so that 4D CT data sets of the entire breathing lung can be acquired and this boundary effect problem will disappear. In previous work, the SICLE algorithm has been applied successfully to register gated full lung total lung capacity ͑TLC͒ to functional residual capacity ͑FRC͒ CT volumes which require much greater displacements than in the current work. 35 Thus, the methods presented in this paper will be easily extended to full lung volumes when full lung volume CT data becomes available.
The 3D Log-Jacobian 36 was computed at each voxel location for each of the 14 incremental transformations. The Jacobian of the transformation at location x is given by 
The Jacobian measures the pointwise expansion or compression at each point in the image volume. In an Eulerian frame of reference, a Jacobian value of one corresponds to no ex-pansion or compression, a value greater than one corresponds to compression and a value less than one corresponds to expansion. Taking the logarithm of the Jacobian produces a symmetric metric for expansion and compression. For example, a unit cube of material that expands in volume by a factor of 2 has an Eulerian Jacobian of 0.5, that is reduced in volume by a factor of 2 has a Eulerian Jacobian of 2, and that has no change in volume has a Jacobian of 1. It is seen by taking the base-10 logarithm of these numbers log͑0.5͒ = −0.301, log͑2͒ = 0.301, and log͑1͒ = 0 gives a symmetric scale for expansion and compression. The local volume changes can easily be visualized by superimposing the log-Jacobian image onto the target CT image volume as seen in the next section.
III. RESULTS
Image data from five individuals were analyzed in this study. Each individual was scanned at several couch positions ͑11 to 14 couch positions͒ to image the entire lung. Fifteen CT images were collected at each couch position and were labeled consecutively as image A, image B, . . ., image O. The CT scans at each couch position were then registered against their adjacent scans ͑i.e., A against B, B against C, and so on͒ producing 14 pairwise registrations.
The parameters in Eq. ͑1͒ used for registration were =1, = 0.00125, and = 3000. These parameters were selected by varying the values of and while keeping fixed while registering a pair of CT lung images. The values of were varied from 0.00001 to 0.1 by multiples of 2, 5, and 10, i.e., 0.00001, 0.00002, 0.00005, 0.0001, etc. These values were tested against all values of which varied from 10 to 10000 by multiples of 2, 5, and 10, i.e., 10, 20, 50, 100, 200, etc. The parameters that gave the best registration results in terms of minimizing the squared intensity error between the deformed template and target while having a maximum inverse consistency error less than one voxel were selected. The final parameters were selected by modifying these parameters by hand. Registration results that had a maximum inverse-consistency error larger than a voxel were rerun with stronger inverse-consistency constraints to reduce the inverse-consistency error to less than a voxel. Of the 952 pairwise registrations performed for this study, two registration pairs had to be rerun with set to 6000, and seven registrations had to be rerun with set to 9000.
The process of registering one image with another produces a transformation that maps points in one image coordinate system to their corresponding points in the other image coordinate system. In the case of a discrete 3D image volume, this means that there is a vector mapping function for each voxel labeled as lung in the source image to its corresponding point in the target image. Figure 2 shows the estimated motion of the lung tissue from one time point to the next at two different transverse levels of the lung. For display purposes, the vectors are scaled by a factor of 2 and only every 16th correspondence vector in the horizontal and vertical coordinate directions are shown. In this study, the 14 transformations estimated at each couch position track the motion of the lung tissue from image A to B to C, etc. over approximately three breathing periods.
The transformation from image A to image B can be applied to image A to produce a deformed image that resembles image B if the transformation provides good correspondence between the two images. Taking the difference between the deformed image A and the target image B is an indirect measure of how well the image registration worked. For example, if the deformed image and the target image are identical then the difference between the images would produce a black image. However, if the deformed image differs from the target image, then the difference image will show bright intensities where the two images do not match. Figure 3 shows a typical absolute intensity difference of the images before and after SICLE image registration. As it can be seen, most of the bright spots found before the registration are significantly reduced in the postregistration images. Note that there is still some residual difference between the transformed and target CT images which is expected. This residual is partially due to misregistration errors and partially due to the difference in CT values caused by breathing ͑that is, x-ray attenuation of lung tissue is a function of the amount of air in the lungs͒. Fifteen 12 slice CT scans were collected over an 11 second interval to capture approximately 3 breathing periods at a single couch position for the five individuals in this study. Figure 4 shows the spirometry data collected for the 15 scans for individual 3 at the couch position containing the right main bronchus ͑RMB͒. The crosses indicate when the CT data was acquired during the breathing period. Figure 5 shows the color-coded log-Jacobian values corresponding to local expansion and compression superimposed on the middle transverse slice ͑slice 7 of 12͒ from individual 3 at the couch position that imaged the RMB. The columns in this figure correspond to approximately the same respiratory phases. The log-Jacobian image is superimposed on the target image volume. The colors in Fig. 5 are normalized with each other such that green corresponds to zero expansion/compression. Red corresponds to expansion from the current image to the next and magenta corresponds to compression. The log-Jacobian images at inferior lung positions close to the diaphragm showed uniform expansion/ compression across the slice and these expansions and contractions were consistent with the corresponding spirometry data. However, superior couch positions displayed a different behavior, as exemplified by Fig. 5 , where the images were taken from couch position containing the RMB. As it can be seen, the lung slices show that there is partial expansion and compression of the lung during inhalation and exhalation, i.e., the lung locally expands or contracts at different rates during a breathing period.
Local expansion and compression of the lung makes it difficult to visually determine whether the entire lung expanded or contracted. However, averaging the log-Jacobian values over all the lung voxels can be used to determine if there was a net expansion or compression of the lung. Unfortunately, the field of view of the CT scanner was limited to 12 slices in this study so it was not possible to average the log-Jacobian values over the entire lung region. Instead, the log-Jacobian values were averaged over the lung region of the middle transverse slice ͑slice 7͒ of the 12-slice volume as an estimate of the expansion or compression of the entire lung.
Spirometry measures the tidal volume of the lung and can also be used to measure the expansion and compression of the lung. This can be done by computing the change in tidal volume from one time instant to the next. Dividing the change in tidal volume by the time interval gives the air flow rate. Thus, the air flow rate should be proportional to the average log-Jacobian value of the lung.
Although the instantaneous air flow rate can be computed using the spirometry data, it is not possible to estimate the expansion/compression using image registration at this same temporal resolution. This is because the temporal resolution of the CT scanner is limited to approximately 5 images per breathing period or one image volume every 0.75 s. Thus, a coarse air flow rate was computed to match the temporal resolution of the CT acquisition.
Despite what may appear as sporadic and irregular patterns, the partial expansion/compression behavior of superior lung positions followed a consistent pattern with the lung motion. Observing the log-Jacobian pattern in each column of Fig. 5 , it can be noted that the expansion/compression pattern is almost identical to one another across the column. Also, the spirometry data in Fig. 4 indicate that A → B, F → G and K → L are all at the end of the exhalation phase, while C → D, H → I, and M → N are all at the beginning of the inhalation phase. In the similar manner, all other columns show the same behavior where the images were scanned at the same breathing phase. This result suggests that there is a strong correlation between the spirometry data and the logJacobian patterns even in regions such as superior lung positions where the log-Jacobian patterns do not show obvious behavior.
The log-Jacobian images of 5 individuals were compared against one another to test whether the local expansion/ compression behavior of the lung during breathing is consistent across individuals. Figure 6 shows the color-coded logJacobian images of 5 individuals scanned at the RMB during the exhalation and inhalation phases superimposed on target CT volumes, along with the corresponding spirometry plots. The red lines on the spirometry plots indicate the intervals in which the scans were made ͑the continuous spirometry plot for individual 1 was not available͒. The spirometry plots also indicate that the volumes of air exhaled and inhaled are different for each individual. Figure 6 demonstrates that the lung does not expand uniformly during the breathing period, but rather expands and contracts locally during both inhalation and exhalation. Notice there are similar patterns of local expansion and compression across all subjects during exhalation ͑top row͒ and inhalation ͑bottom row͒. Some patterns of exhalation appear more similar than other. For example, the patterns for individuals 2 and 4 are similar and so are the patterns for individuals 3 and 5. It is also interesting to note that the patterns between inhalation and exhalation within individuals are approximately inverses of each other, but not exactly. In other words, replacing red with magenta and vice versa of the exhalation images will result in a series of images that will resemble the inhalation images. This observation is most obvious with individual 2 and 4 images. The reason that the patterns are not exactly inverses of each other is probably due to hysteresis motion of the lung during the breathing period. FIG. 6 . Color coded log-Jacobian images superimposed on target CT volumes for 5 individuals, along with their continuous spirometry plot. The images for each individual were selected such that similar sections of the lung were shown in all images at similar phases of the breathing motion. The top images were selected at the RMB location in an exhalation phase, denoted by the red line on the continuous spirometry plot. The bottom images were selected at the same location, but at an inhalation phase.
The plot in Fig. 7 shows the air flow rate plotted against the average log-Jacobian value within the lung for slice 7 of couch position 16 of the first individual. The 14 data points are shown to have good correlation with each other as evident by the regression line. The simple linear regression analysis provides a coefficient of determination of 0.9666 for this individual. Figure 8 shows the correlation between the air flow rate measured by spirometry and the average log-Jacobian values for all five individuals analyzed in this study. The first couch position in this plot corresponds to the top of lung. The transformations used for the correlation were computed by registering segmented lung volume images rather than the volumetric CT data. There was virtually no difference in the Jacobian pattern across the lung using the segmented volumes rather than the CT images directly. Numbers plotted in Fig. 8 are the correlation of the air flow rate plotted against the average log-Jacobian value across the lung segmentation in the middle slice ͑slice 7 of 12͒ of the volume. Figure 8 shows the correlation of individuals 1-4 is good in the superior portion of the lung. However, the correlation worsens as it gets closer to the middle section of the lung and then the correlation improves again as it approaches the inferior section of the lung. The average log-Jacobian value and air flow rate correlated well ͑R 2 = 0.858 on average for the entire lung͒ for the first four individuals. However, individual 5 did not produce a good correlation for the most part ͑R 2 = 0.377 on average for the entire lung͒, except for the inferior portion of the lung. A possible explanation for the poor correlation in this case is that this individual had severely diseased lungs and had small variation in tidal volume. The average log-Jacobian value and the air flow rate near the diaphragm correlated well in all five individuals ͑R 2 = 0.943 on average͒.
IV. DISCUSSION
The results presented in this paper indicate a strong correlation between the average expansion/compression of the lung measured by image registration and air flow rate measured by spirometry for the five data sets analyzed. These preliminary results could have many important implications for radiotherapy treatment such as reducing radiation dose to normal tissue, maximizing dose to the tumor, and improving patient care.
Image registration and spirometry may be used to help minimize the radiation dose to normal tissue by reducing tumor treatment margins. For example, this research suggests that it may be possible to use image registration of pretreat- ment CT images and spirometry to build a mathematical model to predict the location and compression of the tumor and normal tissue based on spirometry measurements. Such a model could be used in conjunction with image-guided radiation therapy ͑IGRT͒ to help reduce the treatment margin around the tumor by more accurately tracking the boundaries of the tumor during treatment. Furthermore, it may be possible to design treatment plans to maximize dose to the tumor while the tumor is compressed and the surrounding tissue is expanded. This approach could reduce dose to normal tissue in two ways. First, the treatment margin could be reduced if the tumor is compressed which reduces the exposure to normal tissue surrounding the tumor. Second, less normal tissue would be incident with the beam when the normal lung tissue is in its expanded state.
Combining image registration and spirometry may also help minimize the need for x-ray based image feedback during intrafraction dose delivery. Again, assume that it is possible to construct a model that tracks the motion and compression of the tumor and normal tissue given registered pretreatment CT images and spirometry data. Once the model is synchronized with the patient using IGRT to account for interfraction setup uncertainties, it may be possible to predict lung and tumor motion from spirometry measurements for the intrafraction treatment. However, since spirometry measurements are indirect measures of the actual tissue position, it is doubtful that it will ever fully replace imagebased feedback for tight margin treatment.
Developing 4D radiotherapy methods for treating moving tumors with tight treatment margins has the potential to reduce the total number of radiotherapy treatments for a patient. The ultimate goal is to provide a single session treatment for moving tumors in a similar fashion to the way neurosurgery can be performed using a Gamma Knife ® for fixed brain tumors. Reducing the number of treatments improves the quality of care received by the patient since fewer trips to the doctor are required and there are fewer recovery periods. It would also increase patient throughput since more patients could be treated with the same number of resources and has the potential to reduce treatment cost.
The registration process typically took about 5-8 minutes for each pair of image volumes ͑256ϫ 256ϫ 12 voxel volumes͒ on dual 1.6 GHz AMD Athlon processors with 3.5 GB of RAM. Fourteen pairwise registrations were computed at each couch position requiring 70-112 minutes to complete. The registration process was repeated for each of the 11 to 14 couch positions. Thus, it took approximately 18 hours to process image data from one individual. The computation time can be greatly reduced by using a more sophisticated optimization method such as conjugate gradient or Newton-step rather than the gradient descent algorithm that was used in this work.
V. CONCLUSIONS
The temporal CT sequences from 5 individuals were analyzed in this study using small deformation inverse consistent linear elastic ͑SICLE͒ image registration. The logJacobian of the transformations was computed to give a map of the local expansion and compression of the lung during the breathing period. The log-Jacobian images demonstrated that the lung did not expand uniformly during the breathing period, but rather expands and contracts locally during both inhalation and exhalation. In four out of five individuals, the correlation between the average log-Jacobian value and the air flow rate correlated well ͑R 2 = 0.858 on average for the entire lung͒. The correlation for the fifth individual was not as good ͑R 2 = 0.377 on average for the entire lung͒ and can be explained by the small variation in tidal volume for this individual. The correlation of the average log-Jacobian value and the air flow rate near the diaphragm correlated well in all five individuals ͑R 2 = 0.943 on average͒. The preliminary results presented in this paper indicate a strong correlation between the expansion/compression of the lung measured by image registration and the air flow rate measured by spirometry. Predicting the location, motion, and compression/expansion of the tumor and normal tissue using image registration and spirometry could have many important benefits for radiotherapy treatment. These benefits include reducing radiation dose to normal tissue, maximizing dose to the tumor, and improving patient care.
Future work includes validating the findings presented in this paper by processing a larger number of individuals, developing a model for predicting lung tissue motion and compression using spirometry and image registration of pretreatment CT images, and incorporating the predictive model into radiotherapy treatment planning and delivery.
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